During the Great Recession, output and unemployment responses have differed markedly across Spanish regions. Our objective is to evaluate the relative accuracy of forecasting models based on the Okun's law compared to alternative approaches. In particular, we want to analyse if a time varying coefficient specification of the Okun's law provide better forecasts than alternative models in two different periods: a first period from 2002 to 2007 characterized by sustained economic growth in all provinces, and a second period from 2008 to 2013 characterized by the impact of the Great Recession. The obtained results allow us to conclude that, in general, the use of these models improve the forecasting capacity in most regions, but do not provide reliable forecast.
Introduction
During the last decades, the Spanish labour market has been characterised by high unemployment rates, particularly when compared to other European Union countries. Moreover, the low interregional geographical mobility together with the peculiarities of the collective bargaining systems until the last reforms have amplified the differences in unemployment rates from a regional perspective (López Bazo et al., 2005) .
More recently, the financial crisis, the burst of the housing bubble and the dramatic fall of employment in the construction sector during the Great Recession has magnified the problem. Given its social and political significance, forecasting unemployment rates is particularly important to help policy makers in their decision-making. As a result, the literature dealing with unemployment rate forecasting is consequently large: see, for instance, Funke (1992) ,
where t UR ∆ and t GDP ∆ denote, respectively, changes in the unemployment rate from t-1 to t (or differences in logs) and output growth (usually measured by changes from t-1 to t in the logarithm of Gross Domestic Product -GDP); α is an intercept; β , usually known as Okun's coefficient, explains how changes in the logarithm of output affect variations in the unemployment rate; and, t ε denotes a random term. The ratio β α − provides an estimate of the required output growth to stabilize the unemployment rate. The basic specification shown in Eq.
(1) can also be augmented by the inclusion of lags of output and unemployment in order to take into account the possibility that the relationship between the two variables could not only be contemporaneous but a dynamic one. An alternative version of the Okun's law relates the unemployment rate to the output gap (i.e., the difference between actual output and potential output -* t GDP ). This alternative version of the law is given as follows:
249 3(4), [247] [248] [249] [250] [251] [252] [253] [254] [255] [256] [257] [258] [259] [260] [261] [262] 2014 where the intercept α can be interpreted as the unemployment rate in the case of full employment. Eq. 2 can be reformulated as:
where * t UR is the natural unemployment rate, and, so
is the unemployment gap. Although probably the relationship captured by Eq. 3 is more meaningful than Eq. 1 from an economic point of view, the main problem is that potential output and the natural unemployment rate are not observable, so it is necessary to estimate them using filtering methods such as the Hodrick-Prescott or pass-band filters 1 before Eq. 3 can be empirically analysed. For this reason, and taking into account that the objective of this paper is to analyse Okun's law forecasting accuracy, we will use Eq. 1 instead of Eq. 3.
The strategy to test if the Okun's law can provide useful information to improve forecasts of regional unemployment rate in Spain has been the following. Four different sets of models have been considered (naïve, auto-regressive, fixed coefficient models and time varying coefficient models) to obtain forecasts for the unemployment rate of the different Spanish provinces and the Mean Absolute Percentual Error (MAPE) has been computed for different forecast horizons. The comparison of the MAPE values for the models not based in the Okun's law with those derived from it would permit to assess whether it is useful or not to improve unemployment forecasts.
Naïve methods
As usual in the literature, the naïve method considers that the value of the variable of interest in a particular period does not change from the last valid observation:
A slightly different version of this approach assumes that changes in the variable are the same to the ones observed in the previous period:
Autoregressive models
The widely known autoregressive model (also known as distributed-lags model) explains the behaviour of the endogenous variable as a linear combination of its own past values:
The key question is how to determine the number of lags that should be included in the model. We have considered different models with a minimum number of 1 lag up to a maximum of 3, selecting that model with the lowest value of the Akaike Information Criteria (AIC). In order to check the robustness of the results to different selection criteria, we have also considered the Schwartz criteria yielding exactly the same results.
Fixed and time varying coefficient models
Ordinary Least Squares (OLS) estimation of Eq. (1) allows to obtain forecasts for the unemployment rate. Eq. (1) can also be augmented with lags of GDP but also unemployment in order to take into account the dynamic response of unemployment to GDP shocks but also 250 3(4), [247] [248] [249] [250] [251] [252] [253] [254] [255] [256] [257] [258] [259] [260] [261] [262] 2014 to control for the persistence of regional unemployment (hysteresis). In order to distinguish both sets of forecasts, we denote forecasts from Eq. (1) as "static Okun's law" while forecasts from the augmented Eq. (1) is denoted as "dynamic Okun's law".
However, as previously mentioned in the presence of structural instability, estimates of α and β will not be appropriate and lead to misleadings forecasts. For this reason, we also consider a time varying coefficient specification of the Okun's law. For simplicity, we only consider the time varying coefficient specification of the static version of the Okun's law. Time varying coefficient models try to consider in the specification and estimation of the model the instability in the relationship between the endogenous and the exogenous variables. This instability can be caused by structural changes but also by specification errors ((Dzciechciarz, 1989; Engle and Watson, 1987; Min and Zellner, 1993) . Time varying coefficient models are usually formed by two equations: a first equation that captures the time evolution of the considered coefficients denoted by β t :
and where φ t represents the magnitude of the change in the coefficient in each time period, W t denotes potential explanatory variables of the value of β t , θ t are the coefficients associated to these variables and η t is a random error term that is assumed to follow a normal distribution with zero mean and variance 
ε t is a random error term following a normal distribution with zero mean and variance 2 ε σ . Taking into account the previous literature and the arguments provided by Engle and Watson (1987) this general specification model is usually simplified for empirical work assuming that φ t =1 and θ t =0. This restricted specification is known as systematically varying coefficient models and, in this case, coefficients are assumed to behave as a random walk (Shively and Kohn, 1997) . The system formed by the restricted specification of Eq. 6 and Eq. 7 can be transformed into a state-space model where the first is the state equation and the second is the measurement equation. In the particular case of the Okun's law the model to estimate would be the following one:
The estimation of this model can be done using the Kalman filter, once the values of the hyperparameters of the model (variance of the random terms of the three equations) are estimated by maximum likelihood and the OLS estimates of the Okun's law are used as initial values.
Data
In order to carry out our analysis, we have used information for the 17 Spanish Autonomous Communities (NUTS-II level regions). Data for unemployment rates comes from the Spanish Labour Force Survey (LFS) provided by the National Institute of Statistics (INE) while data 3(4), [247] [248] [249] [250] [251] [252] [253] [254] [255] [256] [257] [258] [259] [260] [261] [262] 2014 for real output growth comes from the Spanish Regional Accounts (SRA). Although unemployment rates data are available at the quarterly frequency, regional output is only available at the annual frequency. In both cases, data is available since 1980 up to 2013.
Results
Before moving to the analysis of the forecast competition, figure 1 shows the evolution of changes in unemployment and GDP growth for the Spanish economy for the considered period. As we can see from figure 1, it is not straightforward to conclude that the first difference of both series behave as stationary time series. This is a relevant point as this is a requirement of the Okun's law specification used to derive the different time series models used for the forecasting competition. Results from table 1 permit us to conclude that, with the only exception of unemployment in the Basque country (País Vasco), in all Autonomous Communities at the usual significance levels we reject the null hypothesis that there is a unit root in the two variables after differentiating. Results from other unit roots or stationary tests are very similar and validate our empirical specification of the Okun's law. However, it is worth mentioning that, as it can be seen in the first panel of table 1, in a few regions like Asturias, Extremadura and La Rioja a different specification could perhaps be more appropriate. However, we prefer to keep a homogenous specification across the considered regions. errors can be computed for each province and period) 2 . In order to summarise this information, the Mean Absolute Percentage Error (MAPE) 3 has been computed. Its values provide useful information in order to analyse the forecast accuracy of each method, so methods can be ranked according to their values. For the 2 years forecast horizon, the strategy has been similar. The results of our forecasting competition are shown in tables 2 and 3. In particular, the average values of the MAPE obtained from recursive forecasts for 1 and 2 yearss ahead for the different models and provinces are shown in these tables. The obtained results permit to conclude that, as expected, forecasts errors increase in the second period when compared to the first one. Regarding the forecast accuracy of the different methods, in most cases the fixed and the time varying coefficient specifications of the Okun's law provide more accurate forecasts than the rest of the methods, being the autoregressive model the one usually displaying the highest MAPE values. However, it is worth mentioning that, for most regions, the accuracy of the models is limited as the MAPE is usually above the 5% threshold. For instance, the values of the MAPE are clearly above the average in the three regions where the ADF test yielded some doubts about the validity of the specification (Asturias, Extremadura and La Rioja), so it is possible that in some regions forecasting accuracy could be improved if we deviate for the common specification assumed in this paper.
However, one key question that should be addressed is whether the reduction in MAPE when comparing models based and not based in the Okun's law is statistically significant. With this aim, we have calculated the measure of predictive accuracy proposed by Diebold and Mariano (1995) between the two best models based and not based in the Okun's law for the two subperiods and two forecast horizon considered in our analysis. Given these two competing forecasts and the actual series for each quantitative variable, we have calculated the S(1) measure which compares the mean difference between a loss criteria (in this case, the root of the MAPE) for the two predictions using a long-run estimate of the variance of the difference series. In order to estimate this long run variance from its autocovariance function, we have used the Bartlett kernel, as it guarantees that variance estimates are positive definite, while the maximum lag order has been calculated using the Schwert criterion as a function of the sample size. The results are shown in tables 4 and 5. A negative value of the S(1) statistics indicates that the first method is better than the second while a positive value of S(1) indicates the opposite. As we can see from both tables, the comparison is nearly always carried out between naïve models and fixed coefficient specifications of the Okun's law (static or dynamic) in the first period and between naïve models and time-varying coefficient specifications of the Okun's law in the second period. In general, results do not support the view that forecast accuracy improve when Okun's law models are used. However, the power of the Diebold-Mariano test could be affected by the short number of forecasts that we are comparing. For this reason, the results of the pair-wise comparison of the considered forecasting methods using a panel version of the Diebold-Mariano test as in Bernoth and Pick (2011) are shown in table 6. In particular, the test statistic is calculated as follows:
2 As highlighted by the referee, ex-post forecasts are based on actual values of GDP that (although it is not a realistic assumption for real time forecasting) does not affect the validity of our comparison between fixed and time-varying coefficient models. In any case, we recognise that the values for the measures of forecasting accuracy that are calculated across the paper can be understood as lower bounds as the use of regional GDP forecasts will add higher uncertainty to the unemployment forecasts.
is the forecast of the unemployment rate for period t from the different forecasting techniques. According to the MAPE's value, it is usual in the literature to establish that a value below 3% indicates an excellent performance, a value between 3% and 5% a good performance and a value above 5% a bad forecasting performance. where S i (1) is the value of the Diebold-Mariano statistic for region i and N is the total number of regions (17, in our case). The panel Diebold-Mariano test also has a standard normal limiting distribution. As we can see from table 6, the Okun model with fixed coefficient provides the best accuracy for 1 year ahead forecasts both in the first and the second period.
In the second period, we cannot reject that the accuracy of the Okun model with time varying coefficient is also similar. This result does not hold, however, when we look at 2 years ahead forecasts. In this case, the best model for the first period is the naïve method assuming that growth rates are constant, but for the second period the Okun model with time varying coefficient is found to be the best. Although we cannot generalise, this evidence shows that this more flexible specification can be better suited for forecasting in the presence of structural change or recent changes in the business cycle dynamics.
Concluding remarks
The objective of the paper was to analyse the possibility of improving the forecasts for regional unemployment rates in Spain using a time-varying coefficient specification of the Okun's law. With this aim, we have carried out a forecasting competition in two time periods characterized by different macroeconomic conditions. The obtained results allow us to conclude that, in general, the consideration of models based on the Okun's law improve the forecasting performance in nearly all regions, particularly when the time-varying coefficient specification is used. However, the accuracy of the models is not good enough to provide reliable forecasts in real-time forecasting exercises for Spanish regions. Difficulties in order to obtain accurate forecasts of the Spanish aggregate unemployment rate have already been highlighted in the previous literature (see, for instance, Olmedo, 2011) . Future research could expand into two directions: first, the consideration of non-linearities; and, second, the development of more sophisticated tools trying to better capture the complex relationship between unemployment, economic activity and other factors (i.e., macroeconometric forecasting models).
